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Abstract

I estimate the causal impact of the US Secure Communities (SC) program—
which greatly expanded deportation risk nationwide—on suicide rates among
Hispanic populations. Exploiting SC’s staggered county-level rollout between
2008 and 2013, I use the triple difference-in-differences (DDD) estimator pro-
posed by Borusyak, Jaravel, and Spiess (2024) to identify causal effects. The
DDD comparison of Hispanic versus non-Hispanic White populations reveals
that adults aged 34+ experience increases of 0.5-2.6 suicides per 100,000 in
years 2-4 post-implementation. Local contexts significantly moderate these
effects: stronger economic conditions provide greater protection, while Democratic-
leaning counties experience larger adult suicide rate increases. Sanctuary
counties provide enhanced protection for adults (increases of 4.93 vs 2.32)
compared to non-sanctuary counties. Because Hispanic ethnicity is often un-
derreported in mortality data, these estimates likely understate the true ef-
fects. Overall, immigration enforcement produces complex mental health im-
pacts shaped by age, gender, and local economic and political environments.
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1 Introduction

Immigration enforcement policies directly interact with the daily lives of mil-
lions of people in the United States. With an estimated 11-12 million undocu-
mented immigrants currently residing in the country, enforcement actions cre-
ate ripple effects that extend throughout mixed-status families and communities
(Passel and Krogstad 2025). These effects reach beyond undocumented individ-
uals to impact Hispanic US citizens and immigrants regardless of their legal sta-
tus. This is a particularly significant concern given that Hispanic Americans have
now become the largest minority group in the United States, overtaking Black
Americans.1 The psychological impact of living under the constant threat of de-
tention and deportation, or of witnessing family and community members face
these threats, can cause profound and lasting psychological distress. A substantial
gap persists in the empirical literature examining how enforcement policies shape
mental health outcomes across affected populations, limiting our understanding
of the broader social and economic costs of current immigration policies.

The mental health consequences of immigration enforcement represent an im-
portant and understudied aspect of contemporary immigration policy. The United
States has experienced a broadening trend of increased immigration enforcement
over recent decades, with measures intensifying significantly in recent years. As
these increasingly aggressive enforcement measures are implemented, understand-
ing their broader implications has become critical for policymakers and commu-
nities alike. Although immigration enforcement policies are designed to enhance
security and compliance with immigration law, emerging evidence suggests that
they may generate substantial unintended consequences (Alsan and Yang 2024;
Cox and Miles 2013; East et al. 2023).

These unintended consequences align with a broader literature demonstrating
how policy-induced stressors can profoundly affect mental health outcomes, par-
ticularly during critical developmental years. Research on stress and adverse life
experiences shows that exposure to traumatic or stressful events during child-
hood and adolescence can have lasting effects on mental health, educational at-
tainment, and long-term wellbeing (Almond and Currie 2011). Studies examin-
ing community-wide stressors demonstrate how external threats can affect entire
communities and demographic groups, extending beyond those directly exposed

1The 2020 Census counted more than 62 million Hispanics (19 percent of the population), tripled
the number of Hispanics counted three decades earlier (Flood, Ronald, et al., Integrated Public
Use Microdata Series, USA). The Hispanic population numbers are based on the author’s calcu-
lations from the Current Population Survey and US Census data.
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to the stressor.2 This paper extends this literature by examining how immigration
enforcement affects suicide rates within the Hispanic community.

I estimate the causal relationship between immigration enforcement and sui-
cide rates among Hispanics, focusing on one of the most significant federal im-
migration programs: Secure Communities (SC). Implemented between 2008 and
2014, SC fundamentally transformed how local law enforcement interacted with
federal immigration authorities by requiring local police to share fingerprints of
all arrestees with Immigration and Customs Enforcement (ICE), regardless of the
severity of the offense or the individual’s immigration status. This sharing mecha-
nism enabled ICE to issue detainer requests for individuals in local custody, creat-
ing a direct pathway from routine police encounters to potential deportation. The
program’s implementation generated widespread fear within Hispanic commu-
nities, as any interaction with law enforcement—whether as a victim, witness,
or through minor infractions—could potentially lead to deportation for them-
selves or family members, fundamentally altering how these communities inter-
act with local police and public institutions (Theodore and Habans 2016; Wang
and Kaushal 2019). While this climate of fear might be expected to universally
harm mental health outcomes, the complex dynamics of family and community
responses to external threats may produce heterogeneous effects across different
demographic groups. The gradual rollout of the program across US counties pro-
vides a unique quasi-experimental setting to identify these potentially diverse
causal effects on mental health outcomes, specifically suicide rates among the His-
panic population in the US.

Hispanic youth represent one of the fastest growing demographic groups in
the US, with Hispanic children comprising 25% (18.8 million) of all children in
the United States as of 2020, up from 23% (17.1 million) in 2010.3 However, this
population faces disproportionately high rates of mental health challenges and
alarming increases in suicide risk. Suicide has become the 7th leading cause of
death for Hispanic children, with suicide rates among Hispanic children increas-
ing by 92.3% from 2010 to 2019, representing one of the most dramatic increases
among any demographic group Price and Khubchandani 2022. If immigration
enforcement policies exacerbate these existing vulnerabilities, the implications of

2Examples of research on community-wide stressors include earthquakes (Tan et al. 2009; Torche
2011), hurricanes (Currie and Rossin-Slater 2013), and terrorist attacks (Camacho 2008; Laud-
erdale 2006)

3The Hispanic youth population numbers are based on the author’s calculations from the Current
Population Survey and US Census data (Flood, Ronald, et al., Integrated Public Use Microdata
Series, USA).
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such policies could be profound and long-lasting for this rapidly growing popula-
tion. Moreover, understanding these effects is crucial as immigration enforcement
continues to evolve, with recent years witnessing both intensification and reform
of enforcement practices.4

I use mortality data from the National Vital Statistics System and detailed records
of Secure Communities (SC) implementation across counties. To identify causal
effects from the staggered adoption of SC, I employ a triple difference-in-differences
(DDD) approach that leverages recent developments in the difference-in-differences
literature, particularly the imputation-based estimation proposed by Borusyak,
Jaravel, and Spiess (2024). The DDD approach compares the differential impact
on Hispanic versus non-Hispanic White populations to control for common time-
varying factors.

I find that immigration enforcement significantly harms mental health among
Hispanic adults. SC increases suicides among Hispanic adults aged 34+ by ap-
proximately 1.2 suicides per 100,000 in year 3, and 2.6 in year 4 relative to non-
Hispanic Whites. Gender-specific analyses reveal that these effects are primarily
driven by males. Moreover, I find that local economic conditions and political con-
text significantly moderate these effects. Counties with low unemployment rates
show stronger protective effects following SC implementation, while economi-
cally distressed areas experience more harmful impacts. Political climate also
plays a key role, with Democratic-leaning counties showing larger increases in
adult Hispanic suicide rates compared to Republican-leaning jurisdictions. Sanc-
tuary policies appear to provide enhanced protection for adults in some contexts.
These findings indicate that the mental health consequences of immigration policy
are fundamentally shaped by the local contexts in which Hispanic families live.

There are several mechanisms through which exposure to immigration enforce-
ment can affect suicide among Hispanics. I test for the following: (1) the deteri-
oration of mental health associated with fear of deportation, measured through
changes in mentally unhealthy days per adult at the county level; (2) increased
anti-Hispanic bias at the state level, assessed by examining whether counties in
states with above-median versus below-median levels of pre-existing bias exhibit
differential responses to Secure Communities implementation; (3) county political

4Immigration enforcement has undergone significant changes across administrations, including
the expansion of programs like Secure Communities, the implementation of policies such as fam-
ily separation, and subsequent policy reversals and reforms. Immigration has increasingly be-
come a central campaign issue in federal and state elections, and enforcement measures have
garnered bipartisan support. This sustained political attention ensures that immigration enforce-
ment remains a prominent policy priority regardless of which party holds power.



4

affiliation through voting patterns; (4) county density; and (5) local economic con-
ditions measured through unemployment rates. To explore which mechanisms
are contributing to these outcomes, I use cohort-specific average treatment ef-
fect analyses for counties that adopted SC in 2011 and 2012, using not-yet-treated
counties as controls, and examine heterogeneity across counties with varying base-
line levels of anti-Hispanic sentiment. Another potential mechanism is the eco-
nomic disruption that might occur due to increased fear and reduced access to
resources. While I directly test the channel of economic outcomes, the fear and
uncertainty generated by immigration enforcement could lead to reduced eco-
nomic activity and increased stress within affected communities, which could in-
directly contribute to higher suicide rates. These negative economic shocks re-
sulting from SC adoption have been documented by Alsan and Yang (2024) and
East et al. (2023) who show that secure communities policies disrupt local labor
markets, and reduce household incomes.

This paper makes several important contributions to the existing literature.
First, it provides the first causal analysis of the effects of immigration enforcement
on completed suicides, the most serious mental health outcome, among Hispan-
ics. While previous research has documented enforcement effects on self-reported
mental health distress (Wang and Kaushal 2019) and birth outcomes (Amuedo-
Dorantes, Churchill, and Song 2022; Vu 2024), to my knowledge, no study has
examined actual suicide deaths or established causal identification for Hispanic
populations specifically. Second, the paper demonstrates how immigration poli-
cies generate substantial spillover effects that extend far beyond their direct tar-
gets to affect entire demographic communities. Unlike existing studies that focus
primarily on specific enforcement events or broad measures of mental distress
(Goldstein and Wilson 2022; Pinedo and Valdez 2020), this analysis reveals how
systematic enforcement programs can increase the most extreme adverse mental
health outcomes among Hispanics who may not themselves be direct enforcement
targets. Third, by leveraging the quasi-experimental variation from Secure Com-
munities’ staggered rollout across counties using administrative National Vital
Statistics System data, this study provides causal evidence on the effect of SC on
Hispanic suicides. Other papers that examine the effects of SC on adult labor mar-
ket outcomes and safety net participation (Alsan and Yang 2024; East et al. 2023;
Vu 2024) used data at a more aggregated level of treatment potentially attenuat-
ing the results.5 Finally, this paper contributes to the broader literature on how
policy-induced stressors affect mental health outcomes.

5Alsan and Yang (2024) and East et al. (2023) used Public Use Microdata Area (PUMA) level data,
which are larger geographic units that can contain multiple counties.
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2 Literature Review

Immigration enforcement in the United States has undergone significant trans-
formation over the past two decades. Cox and Miles (2013) demonstrate that Se-
cure Communities’ (SC) rollout was systematically correlated with Hispanic pop-
ulation concentrations, with counties having larger Hispanic populations prior-
itized for earlier adoption. This creates a differential exposure to enforcement
activities across demographic groups. East et al. (2023) examine SC’s labor mar-
ket consequences, finding decreased employment and wages not only among
likely undocumented immigrants, but also among US-born individuals through
increased labor costs and reduced local consumption.6 My study contributes to
this literature by examining how SC’s rollout affected suicide rates among His-
panic, providing the first causal evidence of enforcement’s on suicide rates among
Hispanic individuals.

Research on stress and adverse life experiences shows that exposure to trau-
matic or stressful events during critical developmental years can have profound
and lasting effects on mental health outcomes. Almond and Currie (2011) pro-
vide a comprehensive review of how adverse early-life conditions affect long-term
health, educational attainment, and income, establishing the foundation for un-
derstanding how policy-induced stress affects vulnerable populations.7 Studies
examining community-wide stressors include earthquakes (Tan et al. 2009; Torche
2011), hurricanes (Currie and Rossin-Slater 2013), and terrorist attacks (Camacho
2008; Lauderdale 2006), which demonstrate how external threats can affect en-
tire communities and demographic groups.8 I extend this literature by examining
how stricter immigration enforcement—a policy-induced stressor—affects suicide
rates among Hispanics.

Immigration enforcement policies have generated wide-ranging health conse-
quences that span multiple outcomes and demographic groups. Birth outcome
studies show that enforcement during pregnancy increases the risk of low birth

6See Amuedo-Dorantes and Bansak (2014) and Bohn and Santillano (2017) for additional research
on employment verification mandates and local enforcement programs.

7For natural experiments in this literature, see Almond (2006), Almond et al. (2010), Almond,
Edlund, and Palme (2009), Almond and Mazumder (2011), and Scholte, van den Berg, and Lin-
deboom (2015).

8See Barreca (2010), Berkowitz et al. (2003), Black, Devereux, and Salvanes (2016), Currie, Mueller-
Smith, and Rossin-Slater (2022), Field et al. (2004), Isen, Rossin-Slater, and Walker (2017), Kinsella
and Monk (2009), Persson and Rossin-Slater (2018), Sanders (2012), and Simeonova (2011) for
additional research on stress effects covering natural disasters, family bereavements, violence
exposure, environmental pollution, disease exposure, and maternal depression.
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weight (Amuedo-Dorantes, Churchill, and Song 2022), with Vu (2024) finding
that SC increased very low birth weight by 21% among infants of foreign-born
Hispanic mothers.9 Wang and Kaushal (2019) demonstrates that SC increased
mental health distress among Latino immigrants by 14.7%.10 My research adds
to this body of work by examining completed suicides among Hispanics, moving
beyond self-reported distress to study the most severe mental health outcome.

Immigration enforcement creates “chilling effects” that reduce participation in
social safety net programs among eligible individuals and families. Alsan and
Yang (2024) show that SC significantly reduced participation in federal safety net
programs among Hispanic households through fear and network effects. Vargas
and Pirog (2016) demonstrate reduced participation in the WIC program among
mixed-status families facing deportation risk, while Watson (2014) shows that en-
forcement reduces Medicaid participation among children of noncitizens. My
study complements this research by examining how enforcement directly affects
mental health outcomes, specifically suicide rates among Hispanics. I find that
adult suicide rates increase substantially following SC implementation, suggest-
ing that immigration enforcement imposes severe psychological costs that extend
throughout Hispanic communities, regardless of individual immigration status.

3 Background: Secure Communities

Secure Communities (SC) was an immigration enforcement program run by
Immigration and Customs Enforcement (ICE) that operated from 2008 to 2014,
was reactivated in 2017, and then ended in 2021. The program allowed ICE to
check the immigration status of anyone arrested by the local police by fingerprint
analysis, alerting federal agencies about possible immigration violations.

SC worked as follows: When someone was arrested by local law enforcement,
their fingerprints were taken and sent to the FBI for criminal background checks,
as was standard practice. However, with the adoption of SC, these fingerprints
were also automatically sent to the Department of Homeland Security (DHS),
where they were checked against immigration databases. If there was a match

9See Novak, Geronimus, and Martinez-Cardoso (2017), Tome et al. (2021), and Torche and Sirois
(2019) for additional research on birth outcomes examining immigration raids, early Immigration
and Customs Enforcement (ICE) interventions, and restrictive state laws.

10See Dadras and Hazratzai (2025), Goldstein and Wilson (2022), Martínez, Ruelas, and Granger
(2018), Pinedo and Valdez (2020), and Torres et al. (2018) for broader mental and physical health
effects.
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indicating that someone could be in the country illegally, ICE would issue a “de-
tainer”, which is a request for local authorities to hold that person for up to 48
hours so ICE could take custody and begin deportation proceedings. This was a
significant change from previous methods, which relied on labor-intensive inter-
views conducted by federal officers or local officers of jails and prisons.

The program was gradually implemented across counties starting in October
2008, with most counties participating in mid-2012. Initially, the program required
agreements between ICE and state officials, but after some states tried to opt out
in 2011, ICE determined that these agreements were not necessary and made par-
ticipation essentially mandatory in 2013. The program was controversial, with
some “sanctuary cities” refusing to comply with detainer requests, arguing that
they were unconstitutional and would discourage immigrants from cooperating
with local police. I provide more detail on ‘sanctuary cities’ in Subsection 4.3.

Alsan and Yang (2024) collected records that are available to the public through
Freedom of Information Act (FOIA) requests to ICE. The data include the roll-out
of secure communities by ICE from 2002 to 2013. I present the histories of the stag-
gered adoption of secure communities by counties in Figure 1. Since participation
became mandatory in early 2013, fundamentally changing the nature of adoption
decisions, I restricted my analysis to the year ending in 2012 to maintain a control
group of counties that had not yet adopted or never adopted the program.

4 Data

I use two primary data sources for my main analysis: To measure the effect of
secure communities on suicides among Hispanic individuals, I use mortality data
from the National Vital Statistics System (NVSS) and the Secure Communities (SC)
adoption data from Alsan and Yang (2024). All data samples used in the analysis
are between 1999 and 2013 (the year that SC became a national policy). I use
other data sources to test for potential mechanisms that could drive the results,
including county-level mental health measures from the County Health Rankings
& Roadmaps, measures of prejudice and bias against Hispanics from the skin-
tone implicit association test, the American National Election Studies, and hate
crimes against Hispanics from 2004-2013. I also use county-level election data
to measure political affiliation and county-level unemployment data to measure
economic conditions.
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4.1 National Vital Statistics System Data

To measure the effect of secure communities on suicides among Hispanics in
the United States, I use mortality data from the National Vital Statistics System
(NVSS) covering the years 1959 to 2019 (National vital statistics system 2007). My
outcome of interest is the annual count of suicides in each county. I specifically
use the Multiple Cause of Death files, which provide detailed causes of death
for each death recorded in the US at the county level using ICD-10 codes. The
ICD-10 codes allow for the identification of specific causes of death, including
suicide. Suicides are further broken down into several categories, allowing for a
more detailed analysis of different types of suicide.11 In addition, the data include
characteristics of the deceased, such as age, sex, race, and education level, as well
as county of occurrence, county of residence, and county population size. The
evolution of total suicides among Hispanics aged 34+ years and all Hispanics can
be seen in Figure 2. Summary statistics and balance tables are presented in Tables
1 and 2. For the purposes of this study, the sample is restricted to 1999-2013 to
align with the implementation year of the secure communities program.

4.2 Survey of Epidemiology and End Results (SEER) U.S. State
and County Population Data

The Survey of Epidemiology and End Results (SEER) U.S. State and County
Population Data provides comprehensive annual population estimates by age,
sex, race, and county for the United States. SEER data are widely used in epi-
demiological research to construct accurate denominators for rate calculations,
enabling robust analysis of health outcomes across demographic groups and ge-
ographic regions. For this study, SEER population estimates are essential for cal-
culating suicide rates per 100,000 among Hispanic, White, and Black populations
at the county level, ensuring that observed differences in suicide counts are not
confounded by underlying population size or composition.

11The ICD-10 codes used to define underlying causes of death due to suicide were X60-X84 (in-
tentional self-harm), and Y87.0 (Sequelae of intentional self-harm) pertains to the physical or
mental health conditions that arise directly from an individual’s intentional self-inflicted harm.
X60 to X69 correspond to intentional self-poisoning, while X70 to X84 correspond to intentional
self-harm by other and unspecified means, including drowning, hanging, strangulation, and suf-
focation, smoke, sharp object, etc. Suicide by firearms was categorized using three specific codes:
X72 (intentional self-harm by handgun discharge), X73 (intentional self-harm by rifle, shotgun
and larger firearm discharge), and X74 (intentional self-harm by other and unspecified firearm
discharge).
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SEER’s granular breakdown by age and race allows for precise measurement
of population at risk, which is particularly important when analyzing rare events
such as suicide among specific subgroups. By merging SEER population data with
county-level suicide counts from the National Vital Statistics System, I am able to
generate age- and race-specific suicide rates that serve as the primary outcome
variables in the analysis. This approach improves the validity of causal inference
by controlling for demographic shifts and enabling direct comparison of suicide
risk across counties and over time (Institute, Survey of Epidemiology and End
Results (SEER) U.S. State and County Population Data by Age, Race, Sex, Hispanic
(1969–on)).

4.3 Sanctuary Cities Data

I construct measures of sanctuary city status using data compiled by Alsan and
Yang (2024), who built upon the original list maintained by the Immigration and
Customs Enforcement (ICE). Sanctuary ordinances were passed at local levels to
limit a municipality’s cooperation with federal immigration enforcement agencies
and typically represent policies where local jurisdictions do not honor Immigra-
tion and ICE detainer requests or otherwise limit cooperation with federal immi-
gration authorities.

The sanctuary city indicator variable identifies jurisdictions with active sanctu-
ary policies during the period of SC activation. For Hispanics in sanctuary cities
relative to nonsanctuary cities, Alsan and Yang (2024) find that SC activation is as-
sociated with greater food-stamp participation and no detectable change in Sup-
plemental Security Income (SSI) participation, suggesting that sanctuary policies
mitigate the chilling effects of immigration enforcement on program participation.

ICE’s sanctuary jurisdiction list includes various types of sanctuary policies
that can be categorized into three main types: (1) “don’t ask” policies that prohibit
local officials from inquiring about immigration status, (2) “don’t enforce” policies
that limit local enforcement of immigration law, and (3) “don’t tell” policies that
restrict information sharing with federal immigration authorities (Kittrie 2006).

For this analysis, I focus primarily on city-level sanctuary policies, as local po-
lice enforcement typically operates under municipal governments. However, I
also account for state and county-level sanctuary policies where applicable. The
binary sanctuary indicator captures whether a jurisdiction had active sanctuary
policies in place during the relevant time period of SC implementation, allowing
me to test whether local protective policies moderate the effects of federal immi-
gration enforcement on Hispanic suicide rates.
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4.4 County-Level Mental Health Measures

I use the County Health Rankings & Roadmaps for county-level mental health
measures to test if worsening mental health as a result of SC adoption is a mech-
anism that could drive Hispanic suicides up (University of Wisconsin Popula-
tion Health Institute 2025). This dataset provides standardized mental health in-
dicators for nearly all U.S. counties, including the average number of mentally
unhealthy days reported by adults and county-level suicide rates. The ranking
system allows for cross-sectional comparisons between counties and longitudinal
analysis. The data does not provide a breakdown by race or ethnicity, which lim-
its the ability to directly link the effects of stricter immigration enforcement on
mental health trends to Hispanic individuals.

4.5 Measuring Prejudice

I also test whether prejudice or bias against Hispanics is another mechanism
that could drive the results. It could be the case that places that are more biased
against Hispanics would supportive of ICE and more strict immigration enforce-
ment policies. I construct a measure of prejudice and use the skin-tone implicit
association test, the American National Election Studies, and hate crimes against
Hispanics from 2004-2013.12

I construct another proxy measure of racial animus using the American Na-
tional Election Studies (ANES) survey to measure animus, or discrimination, against
racial minorities (American National Election Studies 2021). ANES is a survey
that has been conducted since 1948 and is widely used in political science. The
survey asks respondents about their attitudes toward different racial groups, vot-
ing intentions, and other political questions. I used several questions from the
ANES surveys conducted between 2004 and 2013 to measure racial animus. The
racial animus index is constructed by taking the average of responses to several
questions that measure the racial animus. 13

12The implicit association test measures how people associate concepts—for example, Black and
dark-skinned people—and evaluations—good, bad. Respondents are asked to quickly match
words into categories shown on a screen. I use data from the skin tone implicit association test
to construct a proxy of prejudice (Greenwald, McGhee, and Schwartz 1998). This measure has
been used in the social sciences, especially in psychology. Previous work has shown that IAT
test scores are difficult to manipulate (Egloff and Schmukle 2002).

13The questions used are similar to those used by Charles and Guryan (2008). The questions are:
(1) “Conditions Make it Difficult for Blacks to Succeed”, (2) “Blacks Should Not Have Special
Favors to Succeed”, (3) “Blacks Must Try Harder to Succeed”, (4) “Blacks Gotten Less than They
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Lastly, I incorporate data from the Uniform Crime Reports (UCR) to calculate
the number of hate crimes against Hispanics (Bureau of Justice Statistics 2023b).
Hate crime data offer a tangible measure of racially motivated aggression and
discrimination, which, when combined with implicit and explicit bias measures,
allows a more complete understanding of the landscape of prejudice across states.
This combination of implicit and explicit bias measures, along with hate crime
statistics, offers a multidimensional approach to understanding the nature and
prevalence of racial prejudice.

Moreover, to reduce attenuation bias and measurement error, I follow Lubotsky
and Wittenberg (2006) in constructing a composite bias measure using the IAT,
the ANES racial animus measure and hate crimes against Hispanics. A lower
score implies less bias, while a higher score implies higher racial animus. A one
standard deviation increase in bias is equivalent to moving from Washington, DC,
or Vermont to North Dakota in 2020.

4.6 County-Level Election Data

I test whether political affiliation is another mechanism that could drive the
results. For instance, Republican areas may be more supportive of ICE and more
strict immigrant enforcement policies, having a baseline influence on suicide rates
in this population. On the other hand, Democratic leaning areas may be less sup-
portive of strict immigration enforcement, potentially causing larger negative af-
fects should they ultimately adopt a new policy such as Secure Communities. In
these instances, either political party could influence higher suicide rates or po-
tential protective factors. I use county-level election data from Amlani and Al-
gara (2021) to measure the political affiliation of each county. The data include the
percentage of votes for the Democratic and Republican candidates in each presi-
dential, senatorial, gubernatorial election from 1976 to 2020. I use the percentage
of votes for the Democratic candidate as a measure of political affiliation, with
higher values indicating a more Democratic-leaning county.

4.7 County-Level Unemployment Data

Lastly, to test for the economic conditions as a potential mechanism, I use
county-level unemployment data from the Integrated Public Use Microdata Series
(IPUMS) Current Population Survey (CPS) (Flood, King, et al., Integrated Public

Deserve Over the Past Few Years”, and (5) “Feeling Thermometer Toward Asians.”
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Use Microdata Series, Current Population Survey). The CPS is a monthly survey
of households conducted by the US Census Bureau. The survey collects informa-
tion on employment status, occupation, industry, and other demographic charac-
teristics. I use the unemployment rate as a measure of economic conditions, calcu-
lated the county-level unemployment rates for White and Hispanic individuals.
To ensure that the data remains unidentifiable, the CPS only provides county-level
unemployment data for counties with a population of at least 100,000. Therefore,
my analysis of economic conditions is limited to larger counties.

I also use county-level population data from the Local Area Unemployment
Statistics (LAUS) program to construct county-level unemployment rates for all
counties (U.S. Bureau of Labor Statistics 2025). The LAUS program provides
monthly and annual estimates of labor force, employment, unemployment, and
unemployment rates for all counties in the United States. I use the annual unem-
ployment rate as a measure of economic conditions, calculated the county-level
unemployment rates for all counties.

5 Empirical strategy

In this paper, I estimate the dynamic effects of Secure Communities on county-
level suicides using the imputation estimator developed by Borusyak, Jaravel, and
Spiess (2024). This approach addresses the well-documented biases that arise
when using conventional two-way fixed effects (TWFE) estimators in settings
with staggered treatment adoption (De Chaisemartin and d’Haultfoeuille 2020,
2023; Goodman-Bacon 2021; Roth et al. 2023; Sun and Abraham 2021). I now
discuss the model, identification assumptions, and estimation approach.

I use the staggered county-level adoption of Secure Communities at the county
level to causally identify its effects on Hispanic suicide rates. I employ a triple
difference-in-differences approach that uses White suicide rates as an additional
control group to account for common time-varying factors affecting all demo-
graphic groups. Both approaches leverage the quasi-experimental design created
by two sources of variation: cross-sectional variation in which counties adopted
SC, and temporal variation in when adoption occurred.

The suicide rate per 100,000 population for each demographic group is calcu-
lated as follows:

ycrst =
Total Suicidescrst

Populationcrst

× 100, 000
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where Total Suicides is the number of suicides for race r in county c, state s,
and year t, and Populationcrst is the corresponding population size.

5.1 Triple Difference-in-Differences Approach

To address potential concerns about unobserved time-varying factors that might
affect suicide rates generally, I employ a triple difference-in-differences (DDD)
specification that compares the differential impact of SC on Hispanic versus White
suicide rates. This approach uses White suicide rates as a comparison group to
control for common time-varying factors that affect suicide risk across all demo-
graphic groups, such as economic conditions, social trends, or other policies that
might coincide with SC implementation. Following Borusyak, Jaravel, and Spiess
(2024), I specify the following event study DDD model that allows for unrestricted
treatment effect heterogeneity:

ycrst =

L∑
l=−K

βl1{t− Ec = l}×Hispanicr + θcr + λrt + γct + εcrst (1)

where the outcome variable (ycrst) is the suicide rate per 100,000 population for
race r (Hispanic or White) in county c, in state s, at time t. The population-adjusted
rate at the county level ensures that differences in suicide counts are not driven
by underlying variation in county population size, allowing for meaningful com-
parisons of suicide risk across demographic groups and geographic areas. The in-
teraction of the treatment indicators with Hispanicr, an indicator variable equal
to 1 for Hispanic observations and 0 for White observations. This specification in-
cludes county-race fixed effects (θcr), race-year fixed effects (λrt), and county-year
fixed effects (γct). The county-race fixed effects control for time-invariant differ-
ences between Hispanic and White suicide rates within each county. The race-year
fixed effects capture national trends that affect Hispanic and White populations
differently. The county-year fixed effects absorb any county-specific time-varying
shocks that affect both demographic groups equally.

1{t − Ec = l} is an indicator variable equal to 1 when time t is l years away
from the adoption of waiting years in county c. For example, if Harris County, TX
adopted SC on January 10th 2008, therefore t− Es would give you the number of
years away from the year 2008. If t = 2005, Harris County, TX would be three
years away from waiting years, which means that t− Es would be equal to three.

The coefficients of interest are βl, which capture the differential treatment ef-
fects of SC on Hispanic versus White suicide rates. This specification identifies
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the causal effect of SC under the assumption that, absent treatment, Hispanic
and White suicide rates would have followed parallel trends within counties, no-
anticipation, and Stable Unit Treatment Value Assumption (SUTVA).

All regressions are weighted by county population to account for differences
in county size and to ensure that larger counties with more reliable suicide count
data receive appropriate weight in the estimation. Standard errors are clustered
at the county level to account for potential serial correlation within counties over
time and to allow for arbitrary forms of heteroskedasticity across counties.

I also estimate heterogeneous effects by sanctuary status, anti-Hispanic bias,
county-level political leaning (Democratic versus Republican), White and His-
panic county-level unemployment rate, and density within the triple difference-
in-differences framework. The heterogeneity analysis will allow me to examine
whether sanctuary policies or anti-Hispanic bias moderate the differential impact
of SC on Hispanic versus White suicide rates. This will also allow me to test
whether local protective policies buffer Hispanic communities from the adverse
effects of federal immigration enforcement while controlling for any general ef-
fects of SC on suicide rates across all demographic groups. Additionally, examin-
ing heterogeneity by unemployment rates will enable me to assess whether local
economic conditions worsen the mental health consequences of immigration en-
forcement, capturing potential pathways through which economic shocks and la-
bor market disruptions affect suicide risk differentially across Hispanic and White
populations.

5.2 Causal Identification Assumptions

My identification strategy leverages the staggered roll-out of Secure Communi-
ties across counties between 2008 and 2013. The model in equation (1) is generated
from three main assumptions on potential outcomes and causal effects. First, the
parallel trends assumption requires that in the absence of Secure Communities,
suicides would have evolved similarly between counties. Second, I assume no
anticipation effects—that Secure Communities did not affect suicides before the
program’s actual implementation in each county. This assumption is plausible
given that the timing of county-level implementation was largely determined by
federal administrative capacity and technical infrastructure rather than local con-
ditions that might affect my outcomes. Finally, I impose a model of unrestricted
causal effects, referred to as the “null model” in Borusyak, Jaravel, and Spiess
(2024). In this case, the target estimand (parameter of interest) is the dynamic
average treatment effect on the treated (ATT) h periods (horizons) since the treat-
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ment for a given h ⩾ 0:

τh =
∑

{c,r,s,t}:Kcst=h

wcrstτcrst (2)

where weight is given by wcrst =
1(Kcst=h)

|{c,r,s,t}:Kcst=h|
and sums one within each event

time h. Borusyak, Jaravel, and Spiess (2024) proposes an imputation estimator
that uses untreated observations to predict what would have happened to treated
units in the absence of treatment. The estimator proceeds in three steps:

1. Using only the untreated units only (i.e., observations with Dcst = 0) and
ordinary least squares (OLS), I obtain θ̂cr, λ̂rt, and γ̂ct from

ycrst = θcr + λrt + γct + εcrst.

2. For each treated observation {c, r, s, t} with Dcrst = 1, I construct untreated
potential outcome (counterfactual outcome) as ŷcrst(0) = θ̂cr + λ̂rt + γ̂ct and
estimate the individual-specific treatment effect as τ̂crst = ycrst − ŷcrst(0).

3. Estimate the event-time coefficients as weighted averages: τ̂h =∑
{c,r,s,t}:Kcst=h

wcrstτ̂crst.

Although the maintained assumptions of the differences-in-differences design
is untestable in the post-treatment period, I can perform a robust test of the iden-
tifying assumptions in the pre-treatment period (pre-trends test). Unlike the con-
ventional pre-trends test using standard event studies, the imputation-based method
affords the opportunity to test for parallel pre-trends and no-anticipation assump-
tions using only the untreated observations. To proceed with the pre-trends test,
one needs to choose an alternative model for the outcome ycrst for the untreated
observations. Specifically, for an observable vector Wcrst, the alternative model
may be written as ycrst = θcr + λrt + γct +Wcrstζ+ εcrst, where Wcrst may repre-
sent a set of binary indicators for 1, . . . , k periods prior to the start of the treatment
for some chosen k. Next, using the untreated observations only, obtain the OLS
estimate of ζ and test the hypothesis ζ = 0. I present all my main results using
graphically, combining these pre-trend estimates with the horizon-specific ATTs
from equation (2). As discussed in Borusyak, Jaravel, and Spiess (2024), this robust
OLS-based pre-trends test avoids the pre-testing concerns in Roth (2022). Specif-
ically, regression-based tests use the full sample, including the treated observa-
tions, thereby imposing restrictions on treatment effect heterogeneity. Moreover,
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conducting inference using the imputation estimates of the ATT remains valid
even if I condition on passing the pre-trends, avoiding the issue of inflated vari-
ances and overly conservative inference that often arises with standard pre-trend
tests Roth (2022).

6 Results

6.1 Triple Differences-in-Differences

In this section, I present results from the triple difference-in-differences (DDD)
specification that compares the differential impact of SC on Hispanic versus non-
Hispanic White populations. This approach helps control for common time-varying
factors that may differentially affect these groups.

Effects on Adults (Ages 34+)

In the DDD analysis for Hispanic adults aged 34 and older, the event study
estimates (Figure 3) show mostly statistically insignificant pre-treatment point es-
timates. For the overall 34+ group, there was a significant decrease in suicides in
year 0 of -1 per 100,000 and year 1 of -1.5 per 100,000, followed by -0.5 in year 2,
1.2 in year 3, and 2.6 in year 4. The results are significant for years 0 and 1. The
ATT for Hispanic adults 34+ is 0.1 suicides per 100,000 (p-value = 0.00). The mean
suicide rate for this group is 9.81 per 100,000.

Breaking down the analysis by gender, for Hispanic females aged 34+, there
was a significant decrease in suicides in year 0 of -1 per 100,000, year 1 of -1.2,
and year 2 of -1.5, followed by -0.2 in year 3 and -0.6 in year 4. The results are
significant for years 0, 1, and 2. The ATT for Hispanic females 34+ is -0.88 suicides
per 100,000 (p-value = 0.05), with a mean of 2.36 per 100,000. For Hispanic males
aged 34+, there was a decrease in year 0 of -1 per 100,000 and year 1 of -2, followed
by an increase of 0.7 in year 2, 2.5 in year 3, and 6 in year 4. The estimates for
years 0 and 1 are only marginally significant, while the increases in years 3 and
4 are statistically significant. The mean suicide rate for Hispanic males 34+ is
17 per 100,000. Overall, while Hispanic females aged 34+ experienced sustained
decreases in suicide rates following SC implementation, Hispanic males in the
same age group saw initial decreases but then substantial increases in later years,
resulting in a stark divergence in outcomes by gender.
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Aggregate Effects Across All Ages

In the DDD analysis for the entire Hispanic population across all ages, the event
study estimates show a significant decrease in suicide rates in year 0 of -1 per
100,000 and year 1 of -1 per 100,000, both statistically significant. This is followed
by an insignificant decrease of -0.7 in year 2, and insignificant increases of 0.5 and
0.6 per 100,000 in years 3 and 4, respectively. The average treatment effect on the
treated (ATT) for all ages is -0.37 suicides per 100,000 (p-value = 0.00), indicating
a statistically significant reduction in suicide rates following SC implementation.

When disaggregating by gender, Hispanic females experienced significant de-
creases in suicide rates in year 0 of -0.35 per 100,000 and year 1 of -0.4, with an
insignificant decrease of -0.35 in year 2, a small insignificant increase of 0.07 in
year 3, and an insignificant decrease of -0.25 in year 4. The ATT for Hispanic
females is -0.26 suicides per 100,000 (p-value = 0.09). For Hispanic males, the de-
creases in year 0 (-0.7) and year 1 (-0.5) were not statistically significant, nor were
the changes in subsequent years (-0.3 in year 2, 0.3 in year 3, and 0.8 in year 4).
The ATT for Hispanic males is -0.11 suicides per 100,000 (p-value = 0.06). These
results suggest that the overall reduction in suicide rates following SC implemen-
tation is driven primarily by significant declines among females, while the effects
for males are smaller and not statistically significant.

7 Robustness Checks and Discussions

7.1 Stable Unit Treatment Value Assumption (SUTVA) and Spillover
Effects

The Stable Unit Treatment Value Assumption (SUTVA) requires that treatment
assignment of one unit does not affect the potential outcomes of other units. In the
context of Secure Communities implementation, this assumption may be violated
if the policy creates spillover effects across county boundaries. For instance, the
adoption of SC in one county might lead to changes in suicides in neighboring
counties, affecting suicide rates in both treated and untreated areas.

While SUTVA cannot be directly tested, I can provide evidence that it is not
substantially violated by examining spillover effects. I examine spillover effects
by analyzing whether Secure Communities implementation in neighboring coun-
ties affects suicide rates in non-treated counties across multiple age groups and
demographic outcomes. Table A.1 presents results from two specifications that
test for geographic spillover effects on Hispanic suicide rates across different age
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groups: children (ages 5–14), adolescents and young adults (ages 15-24), adults
(ages 34+), and all ages combined. The first specification includes an indicator
for whether a county borders a treated county but has not yet adopted Secure
Communities itself. The second specification measures the intensity of treatment
by counting the number of neighboring counties that have implemented the pro-
gram.

The results show small and statistically insignificant spillover effects across all
age groups examined. For adults aged 34+ and the aggregate population, the
coefficients on both the border indicator and neighboring intensity measures re-
main close to zero and lack statistical significance. These negligible spillover ef-
fects suggest that SUTVA is not substantially violated in this context, supporting
the validity of the identification strategy. The lack of significant spillover effects
across multiple age groups and specifications indicates that the observed changes
in Hispanic suicide rates are primarily driven by direct treatment effects within
counties rather than cross-border displacement or contagion effects.

7.2 Placebo Analysis

To further validate the causal relationship between Secure Communities im-
plementation and Hispanic suicide rates, I conduct a placebo test examining the
impact of SC on Black versus White suicide rates. Since SC primarily targeted un-
documented Hispanic immigrants, we should not expect to see similar effects on
Black populations, who were not directly targeted by the policy. This placebo test
serves as a critical falsification check: finding similar effects for Black populations
would cast serious doubt on the causal interpretation of my main results. Figure
A.22 presents the results of this placebo triple difference-in-differences analysis,
where I assign SC activation five years prior to the actual rollout and examine
effects on Black-White suicide rate differentials for adults aged 34+.

The placebo results provide compelling evidence for the causal interpretation
of my main findings. Critically, unlike the Hispanic-White analysis, the Black-
White suicide gap shows no consistent or statistically significant response to SC
implementation among adults aged 34+. The Black-White suicide gap exhibits
fluctuating patterns with no clear directional trend comparable to the substantial
increases observed for Hispanic adults.

The stark contrast between the main and placebo results is essential for causal
identification. These findings effectively rule out several alternative explanations:
they demonstrate that the documented effects are not driven by (1) broader trends
affecting all minority populations during this period, (2) general deterioration in
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minority mental health unrelated to immigration policy, or (3) other confounding
factors that coincided with SC implementation. Instead, the specificity of effects to
Hispanic populations—the group explicitly targeted by the policy—strengthens
the conclusion that SC immigration enforcement causally impacted Hispanic sui-
cide rates through mechanisms directly linked to the policy’s focus on Hispanic
communities.

7.3 Discussion of Effect Magnitude

The estimated effects of Secure Communities on Hispanic suicide rates should
be interpreted as likely lower-bound estimates of the true causal impact. His-
panic ethnicity is often underreported or misclassified in vital statistics records,
with some Hispanic suicides potentially being recorded as non-Hispanic white
deaths due to inconsistencies in data collection practices, incomplete information,
or administrative errors in death certificates. Consequently, the significant effects
observed on Hispanic suicide rates likely represent conservative estimates of the
true policy impact. The actual harm to Hispanic communities may be substan-
tially larger than the results suggest.

8 Mechanisms and Heterogeneity Analysis

I test multiple mechanisms that could lead to an increase in Hispanic suicide
rates after a change in immigration enforcement. These mechanisms are fear of
deportation, racial or ethnic bias toward Hispanics, political leaning of a county,
the economic conditions in the area, and density.

To explore the role of anti-Hispanic bias in amplifying the effects of immigra-
tion enforcement on suicide rates, I examine whether counties with above-median
versus below-median levels of state-level bias exhibit differential responses to Se-
cure Communities implementation.14 The results, presented in Figures A.6–A.8,
reveal heterogeneous effects.

Among Hispanic adults aged 34 and older, both high and low bias counties
show increasing suicide rates following SC implementation, with slightly steeper
increases in high bias areas, particularly for males. These findings suggest that

14I use state-level measures of bias rather than more granular geographic units due to data lim-
itations. County-level data are unavailable for key sources such as the ANES, and the GSS is
not representative below the state level. Additionally, crime data are typically more reliable and
complete at the state level.
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while anti-Hispanic bias may moderate the effects of Secure Communities, the re-
lationship is complex and varies substantially by gender. The lack of consistent,
statistically significant differential effects across specifications indicates that anti-
Hispanic bias may not be the primary mechanism through which Secure Commu-
nities affects Hispanic suicide rates, or that the bias measure used may not ade-
quately capture the relevant dimensions of community sentiment that influence
policy impacts.

The heterogeneity analysis by political leaning examines whether local polit-
ical climates influence the impact of Secure Communities on Hispanic suicide
rates. This analysis compares effects between Republican-leaning counties (below
median Democratic vote share) and Democratic-leaning counties (above median
Democratic vote share), as shown in Figures A.9, A.10, and A.11. The results re-
veal statistically significant differential impacts across political contexts, though
the patterns vary considerably by gender.

The most striking pattern emerges among adults aged 34 and older, where
Democratic-leaning counties experience substantial and statistically significant in-
creases in Hispanic suicide rates in later periods, while Republican-leaning coun-
ties show more variable patterns with some negative effects in early periods. This
pattern is primarily driven by males, where Democratic counties show consis-
tently positive and highly significant coefficients in later periods, while females
in Republican counties exhibit significant declines. These differential responses
suggest that local political climate may moderate the mental health consequences
of immigration enforcement, with the direction and magnitude of effects varying
substantially by gender.

There could be a couple of potential channels that would drive the higher ef-
fects on Democratic leaning counties. First, it could be the case that counties that
are Democratic leaning are more dense, and it is more cost-effective to target these
areas for deportation. Through breaking down the analysis by high and low den-
sity counties, I could test whether high density counties experience the same ef-
fects as Democratic leaning counties. A second potential channel is that residents
in Democratic leaning counties could be more likely to experience psychologi-
cal stressors due to the perceived disconnect between the political beliefs of local
and state leaders and the enforcement actions taken by the local, state, and fed-
eral government. This disconnect could lead to heightened feelings of helpless-
ness, anxiety, and depression among Hispanic residents. It could also lead to in-
creased media coverage of counties or states that are Democratic leaning and have
adopted SC. This increased media coverage could lead to heightened awareness
and fear among Hispanic communities, exacerbating the psychological stress as-
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sociated with immigration enforcement. Using heterogeneity analysis by density,
I find that the differences in effects between high and low density counties are sta-
tistically insignificant, suggesting that population density does not substantially
moderate the policy’s impact on Hispanic suicides—I will discuss this more later
in the section. This finding suggests that the political climate itself, rather than
factors correlated with density, may play a more direct role in shaping the mental
health consequences of immigration enforcement policies.

Other potential mechanisms, such as economic conditions, access to welfare
programs, and the effect of SC on health outcomes, have been documented in
the literature. Alsan and Yang (2024), East et al. (2023), and Vu (2024) find that
SC implementation leads to a significant reduction in employment, food stamp
participation among Hispanic families, and worse health outcomes respectively.
These mechanisms could also contribute to the deterioration of mental health,
especially among adult Hispanics, and thus contribute to an increase in suicides.

To test for economic conditions, I conduct two complementary heterogeneity
analyses by unemployment rates. First, using CPS data, I examine the differen-
tial effects between counties with low versus high Hispanic-white unemployment
gaps, though this analysis is limited to a smaller set of counties where CPS data
are available. I then supplement this with a broader analysis using LAUS data,
which provides overall county unemployment rates for all counties in the sam-
ple. I present the results in Figures A.13 and A.14 for the CPS analysis, and Figures
A.16 and A.17 for the LAUS analysis.

The CPS analysis reveals marked heterogeneity. For adults aged 34+, both
county types exhibit increasing suicide rates following SC implementation, with a
steeper decline in year 3 for low-gap counties. The broader LAUS analysis, which
examines overall unemployment rates across all counties, shows that for adults
aged 34+, the heterogeneity is less pronounced compared to the CPS analysis.
Gender-specific analysis reveals that males drive much of the observed hetero-
geneity in both datasets, with females showing more muted differential effects
across unemployment contexts.

These findings suggest that both Hispanic-specific labor market inequalities
and overall economic conditions significantly moderate the mental health impacts
of immigration enforcement, with the patterns varying substantially by gender.
The contrasting results between the CPS and LAUS analyses highlight the im-
portance of considering both Hispanic-specific economic disparities and broader
economic conditions when evaluating the heterogeneous effects of immigration
policies.

To examine whether urbanization moderates the policy’s mental health effects,
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I conduct a heterogeneity analysis by county-level population density, compar-
ing low-density (bottom 10%) versus high-density (top 90%) counties, as shown
in Figures A.19 and A.20. The results reveal striking differential impacts across
density contexts, particularly in years 3 and 4 post-implementation.

Among adults aged 34 and older, similar divergent patterns emerge, with low-
density counties showing increasing suicide rates in later periods, reaching ap-
proximately 15 points per 100,000 by year 4, while high-density counties maintain
relatively stable or slightly decreasing trends. Gender-disaggregated analyses re-
veal that these differential effects are largely driven by males, though females in
low-density counties also show some evidence of increased suicide rates. The
heterogeneity is statistically significant across most specifications, as indicated by
the differential point estimates in the figures. These findings suggest that rural-
ity significantly moderates how Hispanic communities respond to immigration
enforcement policies in terms of suicide risk, with rural areas experiencing sub-
stantially larger increases in suicide rates following SC implementation compared
to more urban communities.

To assess whether the timing of Secure Communities activation mattered for
general population mental health, I present the ATT for the two cohorts that
adopted the SC in 2011 and 2012. I chose 2011 and 2012 because they are the only
years for which county-level mentally unhealthy days data and SC implementa-
tion dates overlap before becoming a nationwide policy. Figure A.21 presents the
cohort-specific ATT estimates with 95 percent confidence intervals.

For the 2011 cohort, the ATT is equal to –0.08 mentally unhealthy days per adult
(CI: –0.17 to +0.01), and the 2012 cohort’s ATT is equal to –0.10 days. Averaging
across both cohorts yields an ATT equal to –0.09 days. In all cases, no estimate
is statistically significant. These null cohort-specific effects reinforce the conclu-
sion that SC implementation may not meaningfully change average mentally un-
healthy days at the county level, regardless of activation year. Since Hispanics
may be affected more by the policy than other groups, it is important to examine
mental health data specifically for Hispanic residents to see if SC had different
effects on this population that are not captured in the overall county-level results.

Taken together, these heterogeneity analyses reveal that local economic con-
ditions and political climate are the primary moderators of Secure Communi-
ties’ impact on Hispanic suicide rates, while population density and measured
anti-Hispanic bias show limited explanatory power. The most consistent pattern
emerges with economic conditions: counties with low unemployment rates ex-
perience protective effects (substantial declines in suicide rates) following SC im-
plementation, while high unemployment counties show harmful effects (stable
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or increasing rates), suggesting that economic security buffers against the psy-
chological stress of immigration enforcement while economic distress amplifies
its negative mental health consequences. Political context also matters, partic-
ularly for adults aged 34 and older, where Democratic-leaning counties experi-
ence significant increases in suicide rates while Republican-leaning counties show
more variable patterns. The null effects on general population mental health, as
measured by county-level mentally unhealthy days, further underscore that the
mental health burden of immigration enforcement falls disproportionately on His-
panic communities in ways not captured by aggregate population-level metrics.
These findings suggest that the mental health consequences of federal immigra-
tion policy are not uniform but are fundamentally shaped by the local economic
and political environments in which Hispanic families live, with vulnerable pop-
ulations in economically distressed areas bearing the greatest harm.

The particularly pronounced increases in suicide rates among adult Hispanic
males may reflect the intersection of economic disruption and cultural expecta-
tions, as the reduction in employment documented by East et al. (2023) may be es-
pecially psychologically damaging for Hispanic men who strongly identify with
the provider role and feel responsible for supporting their families—a core com-
ponent of familism and traditional gender role expectations within Hispanic com-
munities (Lee 2005). The gender differentials suggest that community protective
mechanisms and social support networks operate differently for males and fe-
males, with females showing more muted effects across various economic and
political contexts (Johnson and Rogers 2020; Velez and Moradi 2016). While data
limitations prevent direct testing of all potential psychological mechanisms un-
derlying these gender patterns, the heterogeneity analyses presented here exam-
ine all observable moderators available at the county level, including economic
conditions, political climate, population density, and anti-Hispanic bias, provid-
ing the most comprehensive assessment possible given existing data constraints.

9 Conclusion

This paper provides a causal analysis of how immigration enforcement affects
suicide rates among Hispanic adults in the United States. Using the staggered
implementation of Secure Communities across counties between 2008 and 2013,
I find robust evidence that immigration enforcement produces harmful mental
health effects within Hispanic communities.

The adoption of SC produced significant increases in suicide rates among His-
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panic adults aged 34+, with approximately 1.2 and 2.6 suicides per 100,000 in-
crease in years 3 and 4 respectively relative to non-Hispanic Whites. Gender-
specific analyses reveal important heterogeneity, with particularly strong effects
among males.

Several factors suggest that my findings represent conservative estimates of the
true impact. Vital statistics records systematically suffer from Hispanic ethnic-
ity underreporting and misclassification, meaning a portion of Hispanic suicide
deaths are incorrectly categorized as non-Hispanic white fatalities. Such errors
stem from inconsistent reporting practices across jurisdictions, missing informa-
tion on death certificates, and clerical mistakes during administrative processing.
Because this measurement error affects both treatment and comparison groups, it
attenuates the estimated treatment effects by artificially lowering observed His-
panic suicide counts throughout the sample period. Given that I still detect sig-
nificant effects among Hispanic individuals aged 34+, the genuine consequences
of immigration enforcement on Hispanic mental health outcomes are plausibly
much larger than what I reported here. These results therefore capture only a
fraction of the actual public health burden.

Beyond sanctuary policies, this study identifies local economic conditions and
political climate as key moderators of enforcement impacts. Counties with stronger
economic foundations experience less harmful effects for adults following SC im-
plementation. This suggests that economic security serves as an important buffer
against enforcement-related stress. Political context also matters significantly, with
Democratic-leaning counties experiencing larger increases in adult Hispanic sui-
cide rates compared to Republican-leaning areas. The finding that population
density and measured anti-Hispanic bias show limited explanatory power fur-
ther underscores that economic and political factors may be the primary drivers of
heterogeneous responses to immigration enforcement. Unfortunately, the lack of
Hispanic-specific mental health data at the county level prevents me from directly
investigating differential effects on psychological distress between Hispanic and
White populations, highlighting an important avenue for future research. These
patterns suggest that the mental health consequences of federal immigration pol-
icy are fundamentally shaped by the local socioeconomic and political environ-
ments in which Hispanic communities are embedded.

This analysis provides only an initial examination of the complex interplay be-
tween federal enforcement and local policies. Different types of sanctuary poli-
cies, which vary considerably in scope and implementation, may differentially
affect mental health outcomes. This paper provides potential future topics to be
researched, including examining the specific mechanisms through which sanctu-
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ary policies provide protection, investigating whether certain policy designs are
more effective than others, and assessing how the interaction between federal en-
forcement intensity and local sanctuary strength influences community mental
health. Furthermore, research exploring the long-term effects of sanctuary poli-
cies on broader community trust, social cohesion, and access to public services
would provide valuable insights to policymakers seeking to design comprehen-
sive approaches to immigrant integration and community well-being.
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Table 1: Population-Weighted Summary Statistics for County-Year Data

Variable Mean SD

Total Population 1,064,632.00 1,878,899.00
Hispanic Population 837,728.00 1,312,636.00
% Female 50.90 1.27
% White 74.00 16.97
% College Degree or Higher 7.70 9.00

Median Household Income ($) 21,148.00 22,684.00
% Below Poverty Line 6.00 7.16
Hispanic Suicide Rate: Age 34+ 6.46 13.60
Hispanic Suicide Rate: All Ages 6.51 9.10
1 Data source is the National Vital Statistics System (NVSS) covering

1959-2013 for mortality data and Manson et al. (IPUMS National Histor-
ical Geographic Information System: Version 17.0) for the demographic
data from the US Census. Sample includes county-year observations.
Suicide data uses ICD-10 codes X60-X84 and Y87.0 to identify deaths
by intentional self-harm among Hispanic populations. Suicide rates are
calculated per 100,000 population using SEER population denomina-
tors. All statistics are population-weighted to reflect the Hispanic pop-
ulation distribution across counties.
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Table 2: Population-Weighted Comparison of Treated and Control Groups

Variable Control Mean Control SD Treated Mean Treated SD

Total Population 541,370.00 488,376.00 1,068,484.00 1,884,799.00
Hispanic Population 250,507.00 387,657.00 840,490.00 1,314,831.00
% Female 49.40 1.58 50.90 1.26
% White 42.30 24.92 74.20 16.68
% College Degree or Higher 8.30 8.45 7.70 9.00

Median Household Income ($) 24,585.00 24,761.00 21,122.00 22,666.00
% Below Poverty Line 5.50 6.36 6.00 7.17
Hispanic Suicide Rate: Age 34+ 17.60 87.70 6.44 13.04
Hispanic Suicide Rate: All Ages 10.92 28.63 6.49 8.90
1 Data source is the National Vital Statistics System (NVSS) covering 1959-2013 for mortality data and Secure

Communities adoption data from Alsan et al. (2024). Control group represents county-year observations
before Secure Communities implementation; treated group represents observations after implementation.
Secure Communities was an ICE immigration enforcement program operating 2008-2014, with staggered
county adoption beginning October 2008. Suicide rates shown per 100,000 population for Hispanic adults
aged 34 and over in respective demographic groups. All statistics are population-weighted to reflect the
Hispanic population distribution across counties.
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Table 3: Sanctuary Jurisdictions Used in the Analysis

State Jurisdiction Level

CA Alameda, Amador, Butte, Calaveras, Con-
tra Costa, Del Norte, El Dorado, Fresno,
Humboldt, Imperial, Inyo, Kings, Los Ange-
les, Mendocino, Merced, Mono, Napa, Or-
ange, Placer, San Bernardino, San Francisco
(City/County), San Joaquin, San Luis Obispo,
San Mateo, Santa Barbara, Santa Clara, Santa
Cruz, Sutter, Yolo, Yuba

Local

CA Trust Act3 Statewide

CO Archuleta, Delta Local
CO All jails: detainers require judicial warrant3 Statewide

CT Hartford, New Haven Local
CT Trust Act3 Statewide

DC Washington, D.C. Local

FL Alachua, Hernando Local

GA Clayton, DeKalb Local

IA Benton, Iowa, Jefferson, Sioux, Story, Union Local

IL Chicago (City) Local

KS Butler, Finney, Harvey, Sedgwick, Shawnee Local

LA Orleans Parish (New Orleans) Local

MD Montgomery, Prince George’s Local

MA Boston (City), Hampshire (County), Middle-
sex (County), Northampton (City)

Local

MN Hennepin Local

NE Hall, Sarpy Local

NV Clark, Washoe Local

NJ Burlington, Camden, Essex, Middlesex Local

Continued on next page
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Table 3: Sanctuary Jurisdictions Used in the Analysis (continued)

State Jurisdiction Level

NM Bernalillo, Doña Ana, Rio Arriba, Santa Fe,
Taos

Local

NM All county jails3 Statewide

NY New York City (NYC), Franklin, Onondaga,
St. Lawrence, Wayne

Local

OR Baker, Clackamas, Clatsop, Coos, Deschutes,
Douglas, Grant, Jackson, Jefferson, Josephine,
Lane, Lincoln, Malheur, Marion, Multnomah,
Polk, Tillamook, Union, Wallowa, Washing-
ton, Yamhill

Local

PA Bradford, Bucks, Butler, Chester, Delaware,
Erie, Lebanon, Lehigh, Lycoming, Mont-
gomery, Montour, Perry, Philadelphia
(City/County), Pike, Westmoreland

Local

RI Providence Local
RI DOC policy3 Statewide

VA Arlington, Chesterfield Local

VT Montpelier (City) Local

WA Clallam, Clark, Cowlitz, Jefferson, King, San
Juan, Skagit, Snohomish, Thurston, Walla
Walla, Whatcom

Local

WI Milwaukee Local
1 Data from ICE Declined Detainer Outcome Report (DDOR), January 28–

February 3, 2017.
2 Local jurisdictions consolidated by state; individual counties/cities separated

by commas.
3 Statewide policies apply to all jurisdictions within the state and may coexist

with additional local measures.
4 Sanctuary policies vary in scope: some limit ICE detainer cooperation, others

have broader non-cooperation policies.
5 List may not include all sanctuary jurisdictions nationwide; policies subject

to change since data collection.
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Figure 1: Staggered Adoption of Secure Communities Across US Counties

Notes: This figure illustrates the temporal and geographic variation in Secure Communities (SC)
implementation across U.S. counties from 1999-2019. The staggered rollout provides the quasi-
experimental variation necessary for causal identification, as counties were activated at different
times based on administrative priorities rather than local suicide rates.

Source: Alsan and Yang (2024) collected records that are available to the public through FOIA
requests to US Immigration and Customs Enforcement (ICE).
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Figure 2: Suicides: By Age Groups

Notes: This descriptive figure shows the evolution of suicide rates among Hispanic adults aged 34+
and among all Hispanics over the study period. The shaded area is the study period from 1999 to
2013. I also include a histogram of the cumulative number of treated counties. For example, the
total number of treated counties in 2011 was 882.

Source: National Vital Statistics System (NVSS) covering the years 1959 to 2019 (National vital
statistics system 2007).
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Figure 3: Triple Difference-in-Differences: Effect of Secure Communities on His-
panic vs White Suicide Rates Among Adults Aged 34 and Older

Notes: This figure estimates a triple difference-in-differences model comparing the differential im-
pact of Secure Communities on Hispanic versus White suicide rates among adults aged 34 and
older. The outcome variable is the suicide rate per 100,000 population. The specification includes
county-race, county-year, and race-year fixed effects, using White suicide rates as a comparison
group to control for common time-varying factors affecting suicide risk. Pre-treatment coeffi-
cients (βl for l < 0) test the parallel trends assumption between Hispanic and White adults.
Post-treatment coefficients (βl for l ⩾ 0) capture the differential treatment effects of Secure Com-
munities implementation on Hispanic versus White adults’ suicide rates. The standard errors are
clustered at the county level and the county population is used to weight the estimates.

Source: Alsan and Yang (2024) collected records that are available to the public through FOIA re-
quests to US Immigration and Customs Enforcement (ICE). National Vital Statistics System (NVSS)
covering the years 1959 to 2019 (National vital statistics system 2007).
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Figure 4: Triple Difference-in-Differences: Effect of Secure Communities on His-
panic vs White Suicide Rates Among All Individuals

Notes: See the notes in Figure 3 for more details. The analysis uses suicide rates per 100,000 among
all individuals as the outcome variable.
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Figure 5: Triple Difference-in-Differences with Sanctuary Heterogeneity: Effect of
Secure Communities on Hispanic vs White Suicide Rates Among Adults Aged 34
and Older

Notes: This figure estimates a triple difference-in-differences model with heterogeneous effects
by sanctuary status, comparing the differential impact of Secure Communities on Hispanic versus
White suicide rates among adults 34 and older. The outcome variable is the suicide rate per 100,000
population. The specification includes county-race, county-year, and race-year fixed effects, with
separate treatment effects estimated for sanctuary and non-sanctuary counties. Pre-treatment co-
efficients test the parallel trends assumption between Hispanic and White adults in both county
types. Post-treatment coefficients capture how sanctuary policies moderate the differential treat-
ment effects of federal immigration enforcement. Sanctuary counties have local policies that limit
cooperation with federal immigration enforcement, potentially buffering the psychological stress
from immigration policy changes. The standard errors are clustered at the county level and the
county population is used to weight the estimates.

Source: Alsan and Yang (2024) collected records that are available to the public through FOIA re-
quests to US Immigration and Customs Enforcement (ICE). National Vital Statistics System (NVSS)
covering the years 1959 to 2019 (National vital statistics system 2007).
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Figure 6: Triple Difference-in-Differences with Sanctuary Heterogeneity: Effect of
Secure Communities on Hispanic vs White Suicide Rates Among All Individuals

Notes: See Figure 5 for more details. The analysis uses suicide rates per 100,000 among all individ-
uals as the outcome variable.
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A Tables

Table A.1: Spillover Effects of Secure Communities on Hispanic Suicide Rates

Ages 34+ Ages 34+ (Intensity) All Ages All Ages (Intensity)

Direct Treatment -0.04 -0.05 -0.06* -0.06
(0.05) (0.06) (0.04) (0.05)

Neighboring Counties -0.04 -0.06
(0.05) (0.05)

Neighboring Counties Intensity 0.01 0.01
(0.01) (0.01)

Observations 43,782 43,782 43,782 43,782
County FE X X X X
Year FE X X X X

* p < 0.1, ** p < 0.05, *** p < 0.01
1 This table examines spillover effects on Hispanic suicide rates using two-way fixed effects regressions with county and

year fixed effects. ’Direct Treatment’ indicates counties that adopted Secure Communities. ’Neighboring Counties’ is
an indicator equal to 1 if a county borders a treated county in a given year but has not yet adopted the program itself.
’Neighboring Counties Intensity’ counts the number of neighboring counties that have adopted Secure Communities
by year t. Standard errors are clustered at the county level.

2 Standard errors are clustered on the county level.

B Figures
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Figure A.1: Secure Communities Status by County

(a) 2008 (b) 2009

(c) 2010 (d) 2011

(e) 2012

Notes: These maps illustrate the rollout of Secure Communities by county in selected years. Green
counties had Secure Communities activated by that year, yellow counties not yet activated, and
red counties never activated.
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Figure A.2: Triple Difference-in-Differences: Effect of Secure Communities on His-
panic vs White Suicide Rates by Gender (Ages 34+)

(a) Effect of Secure Communities on Hispanic vs White Female Suicide
Rates (Ages 34+)

(b) Effect of Secure Communities on Hispanic vs White Male Suicide
Rates (Ages 34+)

Notes: See Figure 3 for more details. The analysis uses suicide rates per 100,000 among adults
aged 34 and older by gender as the outcome variable.
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Figure A.3: Triple Difference-in-Differences: Effect of Secure Communities on His-
panic vs White Suicide Rates by Gender (All Ages)

(a) Effect of Secure Communities on Hispanic vs White Female Suicide
Rates (All Ages)

(b) Effect of Secure Communities on Hispanic vs White Male Suicide
Rates (All Ages)

Notes: See Figure 3 for more details. The analysis uses suicide rates per 100,000 among all
individuals by gender as the outcome variable.



48

Figure A.4: Triple Difference-in-Differences with Sanctuary Heterogeneity: Effect
on Hispanic vs White Suicide Rates by Gender (Ages 34+)

(a) Effect on Hispanic vs White Female Suicide Rates (Ages 34+) by
Sanctuary Status

(b) Effect on Hispanic vs White Male Suicide Rates (Ages 34+) by Sanc-
tuary Status

Notes: See Figure 5 for more details. The analysis uses suicide rates per 100,000 among adults
aged 34 and older by gender as the outcome variable.
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Figure A.5: Triple Difference-in-Differences with Sanctuary Heterogeneity: Effect
on Hispanic vs White Suicide Rates by Gender (All Ages)

(a) Effect on Hispanic vs White Female Suicide Rates (All Ages) by Sanc-
tuary Status

(b) Effect on Hispanic vs White Male Suicide Rates (All Ages) by Sanc-
tuary Status

Notes: See Figure 5 for more details. The analysis uses suicide rates per 100,000 among all
individuals by gender as the outcome variable.
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Figure A.6: Heterogeneous Effects by County-level Anti-Hispanic Bias

(a) Ages 34+ (Adults) (b) All Ages

Notes: These figures estimate event study models for Hispanic suicide rates, comparing counties
with above-median (“High Bias”) versus below-median (“Low Bias”) values of a composite anti-
Hispanic bias index. The outcome variable ycst is the number of suicides among Hispanics in
the specified age group in county c, state s, at time t. The composite bias index incorporates
implicit and explicit bias measures. Pre-treatment coefficients (βl for l < 0) test the parallel trends
assumption for each bias group. Post-treatment coefficients (βl for l ⩾ 0) capture how the mental
health impact of Secure Communities varies by county-level anti-Hispanic bias. All results are for
Hispanic populations only; no comparison to White or sanctuary status is made in these plots.

Source: The bias index is constructed using Lubotsky and Wittenberg (2006) and incorporates mea-
sures of implicit association test (IAT) scores, hate crime rates, and explicit bias at the state level
(American National Election Studies 2021; Bureau of Justice Statistics 2023a; Greenwald, McGhee,
and Schwartz 1998).
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Figure A.7: Heterogeneous Effects by County-level Anti-Hispanic Bias: Female
Analysis

(a) Females Ages 34+ (b) Females (All Ages)

Notes: See Figure A.6 for more details. The analysis uses suicide rates per 100,000 among
Hispanic females in the specified age group as the outcome variable.

Figure A.8: Heterogeneous Effects by County-level Anti-Hispanic Bias: Male
Analysis

(a) Males Ages 34+ (b) Males (All Ages)

Notes: See Figure A.6 for more details. The analysis uses suicide rates per 100,000 among
Hispanic males in the specified age group as the outcome variable.
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Figure A.9: Heterogeneous Effects by County-level Political Affiliation: Main Age
Groups

(a) Ages 34+ (Adults) (b) All Ages

Notes: These figures estimate event study models for Hispanic suicide rates, comparing coun-
ties with Republican-leaning (below median Democratic vote share) versus Democratic-leaning
(above median Democratic vote share) political affiliation. The outcome variable ycst is the sui-
cide rate per 100,000 among Hispanics in the specified age group in county c, state s, at time t.
Counties are classified by Democratic vote share in presidential elections, with Republican-leaning
counties expected to show different treatment effects if local political climate moderates commu-
nity responses to federal immigration enforcement. Pre-treatment coefficients (βl for l < 0) test
the parallel trends assumption for each political group. Post-treatment coefficients (βl for l ⩾ 0)
capture how the mental health impact of Secure Communities varies by county-level political af-
filiation. All results are for Hispanic populations only; no comparison to White or other character-
istics is made in these plots. The standard errors are clustered at the county level and the county
population is used to weight the estimates.

Source: Voting data from Amlani and Algara (2021).
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Figure A.10: Heterogeneous Effects by County-level Political Affiliation: Female
Analysis

(a) Females Ages 34+ (b) Females (All Ages)

Notes: See Figure A.9 for more details. The analysis uses suicide rates per 100,000 among
Hispanic females in the specified age group as the outcome variable.

Figure A.11: Heterogeneous Effects by County-level Political Affiliation: Male
Analysis

(a) Males Ages 34+ (b) Males (All Ages)

Notes: See Figure A.9 for more details. The analysis uses suicide rates per 100,000 among
Hispanic males in the specified age group as the outcome variable.
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Figure A.12: Heterogeneous Effects by County-level Unemployment Rate

(a) Ages 34+ (Adults)

Notes: These figures estimate event study models for Hispanic suicide rates, comparing counties
with bottom 20% (“Low Unemployment”) versus top 80% (“High Unemployment”) unemploy-
ment rates. The outcome variable ycst is the suicide rate per 100,000 among Hispanics in the spec-
ified age group in county c, state s, at time t. Counties are classified by the unemployment rate
percentile, with bottom 20% representing low unemployment areas and top 80% representing high
unemployment areas. Pre-treatment coefficients (βl for l < 0) test the parallel trends assumption
for each unemployment group. Post-treatment coefficients (βl for l ⩾ 0) capture how the mental
health impact of Secure Communities varies by county-level unemployment conditions. All re-
sults are for Hispanic populations only; no comparison to White or other characteristics is made
in these plots. The standard errors are clustered at the county level and the population weights
are applied.

Source: County-level unemployment rate is from the Integrated Public Use Microdata Series
(IPUMS) Current Population Survey (CPS) (Flood, King, et al., Integrated Public Use Microdata
Series, Current Population Survey).
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Figure A.13: Heterogeneous Effects by County-level Unemployment Rate: All
Ages and Gender-Specific Analysis

(a) All Ages (b) Females (All Ages)

(c) Males (All Ages)

Notes: See Figure A.12 for more details. The analysis uses suicide rates per 100,000 among
Hispanic individuals in the specified age group, with panels disaggregated by sex as labeled.
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Figure A.14: Heterogeneous Effects by County-level Unemployment Rate:
Gender-Specific Analysis by Age Group

(a) Females Ages 34+ (b) Males Ages 34+

Notes: See Figure A.12 for more details. The analysis uses suicide rates per 100,000 among
Hispanic individuals in the specified age group, with panels disaggregated by sex as labeled.

Figure A.15: Heterogeneous Effects by County-level Unemployment Rate (LAUS)

(a) Ages 34+ (Adults)

Notes: See Figure A.12.
Source: County-level unemployment rate is from the Local Area Unemployment Statistics (LAUS)
(U.S. Bureau of Labor Statistics 2025).
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Figure A.16: Heterogeneous Effects by County-level Unemployment Rate (LAUS):
All Ages and Gender-Specific Analysis

(a) All Ages (b) Females (All Ages)

(c) Males (All Ages)

Notes: See Figure A.12 for more details. The analysis uses suicide rates per 100,000 among
Hispanic individuals in the specified age group, with panels disaggregated by sex as labeled.
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Figure A.17: Heterogeneous Effects by County-level Unemployment Rate (LAUS):
Gender-Specific Analysis by Age Group

(a) Females Ages 34+ (b) Males Ages 34+

Notes: See Figure A.12 for more details. The analysis uses suicide rates per 100,000 among
Hispanic individuals in the specified age group, with panels disaggregated by sex as labeled.

Figure A.18: Heterogeneous Effects by County-level Population Density

(a) Ages 34+ (Adults)

Notes: See Figure 3 for more details. Here, counties are classified by population density, with
“Low Density” representing counties in the bottom 10% of population density and “High
Density” representing counties in the top 90%.
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Figure A.19: Heterogeneous Effects by County-level Population Density: All Ages
and Gender-Specific Analysis

(a) All Ages (b) Females (All Ages)

(c) Males (All Ages)

Notes: See Figure 3 for more details. Here, counties are classified by population density, with
“Low Density” representing counties in the bottom 10% of population density and “High
Density” representing counties in the top 90%.
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Figure A.20: Heterogeneous Effects by County-level Population Density: Gender-
Specific Analysis by Age Group

(a) Females Ages 34+ (b) Males Ages 34+

Notes: See Figure 3 for more details. Here, counties are classified by population density, with
“Low Density” representing counties in the bottom 10% of population density and “High
Density” representing counties in the top 90%.
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Figure A.21: Effect of Secure Communities on Number of Day Reported Mental
Unwellness

Notes: This figure shows the cohort specific effect of Secure Communities on the average number
of days of reported mental unwellness in the past 30 days, using data from the County Health
Rankings & Roadmaps. The outcome variable yct is the average number of days of poor mental
health reported by adults in county c at time t.

Source: County Health Rankings & Roadmaps University of Wisconsin Population Health Institute
(2025).
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Figure A.22: Placebo Triple Difference-in-Differences: Effect on Black vs White
Suicide Rates by Age Group

(a) Ages 5-14 (b) Ages 15-24

(c) Ages 34+ (d) All Ages

Notes: These placebo triple-difference event-study estimates mirror the baseline specification but
assign Secure Communities activation five years prior to the actual rollout. The outcome variable
ycst is the difference in suicide rates per 100,000 between Black and White residents in county c,
state s, at time t.
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